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Abstract- Recent trends show that Colombian S&T 
performance is improving rapidly. This paper examines the 
ways in which International Scientific Collaboration, as 
observed by the co-authorship of journal articles written by 
local scientists and partners located overseas, affects the ability 
of research teams to produce bibliographic outputs and to 
contribute to local knowledge. A sample of 672 teams was 
randomly selected for the analyses. Research hypotheses were 
tested using Zero Inflated Negative Binomial Regression and 
Logistic regression, as well as through the use of control groups 
and the Propensity Score Matching approach to assess the 
overall impact of the scientific collaboration on research team 
performance. In addition, 20 interviews with experts and team 
members were administered to discuss models and results. 
Results show that co-authoring with partners located overseas 
increases team output by nearly 40% and by between 3 and 5 
bibliographic products. It also shows that team’s odds of 
involving Colombia in its research process are 2.2 times larger 
for those co-authoring with a partner located overseas than for 
those that do not. Theoretical and policy implications are 
discussed!. 
I. INTRODUCTION 
Colombia is what the Rand Corporation would call an 
S&T-Developing Country: it has S&T strength in few 
research areas but lacks important aspects of S&T capacity 
in personnel, infrastructure, investment, and institutional 
framework [1]. 
However, recent trends show that Colombian scientific 
performance is improving rapidly. In 2001 there were 1,728 
articles published by 126 Colombian journals. In 2007 this 
number almost tripled reaching almost 5,000 articles 
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published in 222 local journals [2]. Furthermore, in 1990 
there were 0.6 Colombian articles appearing in high quality 
journals reported by the Science Citation Index per 100,000 
inhabitants. In 2006 there were 2.6; showing one of the 
largest growth rates in the region [3]. Finally, in 1995 there 
were 1.5 articles reported by the SCI per million dollars 
spent on R&D. In 2006 there were 4.5 articles per million 
dollars.  
Likewise, although the country continues to lag in the 
technological race, its technological capability is also 
improving relatively fast. According to the Colombian 
Observatory of Science and Technology, in 2001 there were 
65 patent applications by Colombian residents; six years 
later there were 141. While in 2001 there were 0.24 of such 
patents per 100 000 population, in 2006 this number 
increased to 0.32 patents. 
Probably more important is the fact that Colombia is 
becoming a more autonomous country from the knowledge 
produced overseas dealing with local issues. In fact, based 
on the analysis of the documents published between 1980 
and 2005 in journals indexed by the ISI’s Web of 
Knowledge, local scientists appeared to write relatively less 
about Colombian issues or use Colombia as their unit of 
analyses than scientists located overseas. As shown in 
Figure 1, Colombian S&T seems to be barely self-sufficient 
(countries above the 0 level produce relatively more 
knowledge involving their country than scientist located 
overseas writing about this same country. Those located 
below the 0 level are said to be dependent on international 
STI capacity). 



























Source: Share of documents on local issues written by local authors minus share of docs. on local issues written by foreigners
 Fig. 1. Colombian contribution to local knowledge: 
Domestic versus foreign contributions: 1980-2005 
 
However, this pattern has changed recently, showing a 
more local autonomous capacity. While in the 70s and 80s 
Colombia was mostly dependent of the knowledge produced 
overseas, since the 90s the country became self-sufficient 
showing a trend evolving rapidly.  
These developments are presumably the result of at least 
two ‘mega trends’ characterizing Colombian current S&T 
system: 1) the rapid professionalization of the R&D 
enterprise as reflected by the formation of research teams 
with the support of the Colombian government and the elite 
research institutions; and 2) the internationalization of its 
scientific community, especially since the 1990s after the 
opening of the economy to foreign trade.  
Hence, this paper examines these intertwining trends, and 
particularly the ways in which international research 
collaboration affects the performance of research teams both 
in terms of their productive capacity and of the orientation 
of their research agendas. 
Colombian S&T Institutionalization and 
Internationalization processes 
As part of the policies led by Colciencias (the Colombian 
Science Foundation) and the Ministry of Education oriented 
at supporting the performance of R&D activities in a more 
professional and formal way, the number of researchers 
affiliated to centers and ‘teams’ has boosted in the past 
decade. It rose from less than 5,000 in 1995, to more than 
12,000 in 2000, to nearly 20,000 in 2005. Today, these 
teams host most of the Colombian scientific community 
estimated by the OCyT to be of more than 50,000 
individuals, of which more than 24,000 are researchers, of 
which more than 12,000 people report research outputs. 
Hence, more than 80% of the researchers reporting S&T 
products is affiliated to a Research Team [2]. 
Similarly, Colombian S&T internationalization is taking 
place at rapid pace. This is evident both in terms of its 
increased visibility (the number of articles appearing in 
international databases has dramatically increased although 
the participation of Colombian scientists in international 
forums remains relatively small) and in terms of the number 
of international scientists working in Colombia or with 
Colombian scientists and engineers [4]. In this sense, as 
revealed by the data from the Web of Knowledge on more 
than 5,400 journal articles published by Colombian 
scientists and engineers between 1980 and 2005, this recent 
good performance seems to be explained by the country’s 
increased international collaboration. As shown in Figure 2, 
while the number of articles published by Colombians alone 
is rather small, that published in collaboration with foreign 
partners is large and increasing rapidly. 
II. RESEARCH QUESTIONS AND HYPOTHESES. 
The literature on the effects of research collaboration on 
research performance is extant and rising. Research 
collaboration is mostly portrayed as an important enabler of 
science and technology development. It is considered to be 
‘better’ than individualistic research in several respects. In 
this sense, many argue that research collaboration has 
greater epistemic authority [5, 6]; facilitates diffusion of 
information and ideas; increases access to new knowledge 
and research tools; and offers visibility and feedback [7-9]. 
Moreover, most of the literature on the topic claims that 
research collaboration is an important source of creativity 
[10-13], scientific productivity [8, 14-17] and helps the 
consolidation of research agendas and the expansion of 



















Total International Collaboration Colombia Only
Source: ISI.
 
Fig. 2. Publications and research collaboration: total publications by 
Colombian scientists and engineers 1980-2005 
Others, however, warn about the negative impacts of 
research collaboration on productivity [18-21] and 
relevance of the research [22-25]. Risks and costs identified 
include the privatization, capture and sometimes 
‘mercantilization’ of traditional ‘public’ knowledge and of 
human capital as a result of research partnerships; increased 
secrecy; high opportunity costs and inefficient allocation of 
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resources; and crowding out effects. A comprehensive 
literature review on the topic can be found in [4]. 
However, little is known about the effects of international 
collaboration on local S&T capabilities, and the literature is 
astonishingly silent regarding the effects on both scientific 
productivity and research orientation involving developing 
countries. This paper examines the ways in which 
international scientific collaboration, as observed by the co-
authorship of journal articles written by local scientists and 
partners located overseas, affects the ability of research 
teams to produce bibliographic outputs and to contribute to 
local knowledge in Colombia. More precisely, this paper 
addresses two questions: do Colombian teams that 
collaborate internationally are more productive than similar 
teams that do not? Do the collaborative teams work on R+D 
projects and/or write journal articles that take into account 
Colombia either as unit of analysis, as ‘laboratory,’ or as the 
focus of their research activity more than non-collaborative 
teams? 
Two research hypotheses can be drawn from these 
questions: 
1) Co-authorship with partners located overseas 
positively affects team productivity. Given the lack of 
empirical research supporting this hypothesis, it is an 
extrapolation of the arguments found in the optimistic 
literature on research collaboration, which does not address 
international collaboration explicitly. In this sense, as in a 
collaborative enterprise everyone would offer something the 
other lacks and would get something would not be possible 
or easier to get otherwise, by collaborating with partners 
located in different milieus one can get a better 
understanding of one’s own problems either by working 
together with researchers with different tools, perspectives 
and experiences or by studying one’s partners’ problems 
and/or solutions. By doing so, we complement our 
knowledge with that of our peers. In a sense, this is a 
variation to the “strength-of-weak-ties” argument proposed 
by Granovetter and Burt who claim that one has more to 
learn from those that see or have things one does not see or 
have, than from those of similar characteristics [11, 26, 27]. 
We call this the “complementarity” argument. 
2) Co-authoring with partners located overseas 
negatively affects team’s ability to contribute to local 
knowledge. Again, given the lack of empirical support to 
this hypothesis, one can extrapolate popular arguments 
found in the rather pessimistic literature on international 
relations (e.g. “dependency theory”) which sees the partners 
of developing countries as “rent-seekers” willing to take 
advantage of the relatively low costs of qualified human 
resources despite the detours of this local capacity to engage 
in work on foreign interests. We call this the “outsourcing” 
argument. 
III. METHODOLOGY 
We rely on a dataset created with the information of 672 
teams randomly selected from those registered at 
Colciencias1 with at least two members working together by 
2003; at least one research project active between 2003 and 
2005; teams not working in the social sciences or the 
humanities2, and teams created by March 2004. In addition, 
20 interviews were administered with experts and team 
leaders working in several disciplines, affiliated to different 
types of institutions and located in four cities. The purpose 
of the interviews was to both to identify the control variables 
of relevance and to discuss the results obtained through the 
econometric models.  
Two statistical approaches were followed to answer the 
research questions stated here: hypothesis testing using 
multiple regression models, and impact assessment using 
counterfactuals. Factors identified in the literature or thru 
expert opinion as determinants of team performance include: 
a) team size [15, 19, 28-48]; b) team age [19, 36, 45, 47, 49, 
50]; c) team composition [49, 51-54]; d) experience [55, 56]; 
e) leadership [57]; f) scientific specialization or discipline 
[14, 21, 32, 58-68]; g) sector where it works [14, 21, 69-72]; 
h) institution it is affiliated with [14, 21, 69-72], and i) its 
geographical location [19, 29, 73-81]. 
Other variables found to affect team performance but that 
are usually hard to observe include j) internal cohesion [39, 
40, 49, 82]; k) institutional constraints; and l) government 
support [1, 83-85]. 
Thus, a dummy variable was used to account for 
international co-authorship taking place in 2001 or 2002 
based on the articles published by Colombian scientists and 
technicians in journals indexed by the Web of Science and 
Scopus3.  
Team performance was measured by the number of 
bibliographic products (a category that includes 18 types of 
products4) and by the extent to which the word “Colomb*” is 
used in the title of their research projects or journal articles, 
                                                 
1 Colciencias, the Colombian National Science Foundation, maintains a 
directory of both individual researchers and research teams in two 
databases updated periodically following a process of calls for 
accreditation: CvLac and GrupLac respectively. These databases are freely 
available through the institution’s website at www.colciencias.gov.co   
2 The reasons why the social sciences and the humanities were excluded are 
both practical and epistemological. Regarding the latter, it is commonly 
accepted that the main products of the teams working in these areas are not 
journal articles, but rather books. Since we are interested on the effects of 
co-authoring with colleagues located overseas on team productivity, 
focusing on journal articles would go against those teams. The practical 
reason is that, given the large number of researchers these teams usually 
have, the searching and assigning process would have been highly costly. 
3 This task was done with the aid of the Software VantagePoint developed 
at Georgia Tech and administered by Search Technology Inc. 
4 All the bibliographic products are given equal weight in the econometric 
analysis presented. Although this may be seen as problematic, the reason is 
that we are interested more on the scientific capacity of the teams to 
produce knowledge than on the quality or the relevance of their products 
themselves. The issue of relevance is analyzed differently here.  
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or in their corresponding abstracts. The use of the keyword 
“Colomb*” is taken as a proxi of research orientation since 
references to a country usually result from scientific 
activities where the country is either the “milieu”, the case 
studied, or a referent. In either case, relevant knowledge is 
derived, contributing therefore to the local stock of 
information necessary to increase local understanding and 
produce new knowledge valuable to solve local intellectual 
or social issues.   
To avoid reverse causality and endogeneity, team 
performance was observed for the period 2003-2005, that is, 
three years after the collaborative activity took place. 
As control variables we use team size (an interval-level 
variable for the number of researchers and technicians the 
team had in 2003); team age (an interval-level variable for 
how long the team had been in existence in 2003); the total 
number of PhDs (represented by an interval-level variable 
for the number of members with PhD degree the team had in 
2003); team dynamism (measured by an interval-level 
variable for the number of R&D projects the team had active 
in 2003); scientific field (represented by six dummy 
variables, with teams working in the natural sciences as the 
reference group); sector (represented by three dummy 
variables, with teams working in the academic sector as the 
reference group); size of the home institution (represented by 
two dummy variables, with teams affiliated with big 
institutions as the reference group); and city-size 
(represented by two dummy variables, with teams located in 
big cities as the reference group). 
A Zero-Inflated Negative Binomial (ZINB) model is used 
to account for the impact of international collaboration on 
team output. A Logistic Regression is used to account for the 
team’s ability to contribute to local knowledge. And the 
Propensity Score Matching approach is used to construct the 
control groups and perform the counterfactual analysis to 
assess overall impact of international collaboration on both 
dependent variables studied. 
The ZINB is used due to the fact that our first dependent 
variable analyzed is an account of the existence of sporadic 
team outputs typical of a count variable, as most research 
teams report zero or small number of products while few 
teams show large number of products in a given period, 
yielding a frequency distribution highly skewed to the left. 
According to reference [86], using the Linear Regression 
Model (LRM) - which is designed to fit a normal distribution 
resulting from a continuous-type of variables - to account for 
the effects of a given set of independent variables on a count 
dependent variable produces coefficients that are biased, 
inefficient and inconsistent. As the authors posit “even 
though there are situations in which the LRM provides 
reasonable results, it is much safer to use models specifically 
designed for count outcomes” [86]. Zero-inflated count 
models (ZIP and ZINB) respond to this issue and allow for 
the possibility of considering different causes of the 
unproductivity shown by the teams by increasing the 
conditional variance and the probability of zero counts. 
These models allow distinguishing between potentially-
productive and always-unproductive teams5. 
The Breusch-Pagan / Cook-Weisberg test was 
implemented to test for heteroskedasticity in the data. The 
test found that the ‘constant variance of error term’ 
assumption was violated. Although heteroskedasticity does 
not affect the parameter estimates as the coefficients are 
unbiased, it does bias the variance (and, thus, the standard 
errors) of the estimated parameters as the coefficients tend to 
be underestimated, therefore inflating z-scores and 
sometimes making insignificant variables appear to be 
statistically significant. To solve this problem, the 
Huber/White/sandwich estimator of variance is used in place 
of the traditional calculation. Therefore, the analyses are 
based on the robust estimation results. 
A logistic regression is used to account for our second 
dependent variable as it is a dummy variable. As reference  
[87] notes, using Ordinary Least Square (OLS) regressions 
for dummy dependent variables, which by definition have 
either values of 1 or 0, gives a linear probability model that 
violates the assumption of a normal distribution of the error 
term, and since the value of an independent variable 
changes, the variance of the error term for that variable 
would also change, leading to heteroskedasticity. In such 
case, the OLS estimators of the regression coefficients may 
be unbiased but cannot be efficient. Furthermore, estimates 
of the standard errors of the regression coefficients would be 
biased, distorting confidence intervals and hypothesis tests. 
Moreover, with OLS, the residuals would lead to 
meaningless expected probabilities such as negative 
probabilities since OLS assumes that the impact of marginal 
change of the value of an independent variable remains 
constant along all range of the values. In addition, according 
to reference [87], to use robust standard errors or weighted 
least squares “do not solve all the problems, such as 
probabilities outside the range between 0 and 1, and 
therefore do not solve the conceptual problem of 
independent variables having constant impacts up to a 
certain point, then no impact beyond” [87]. If we use logit or 
probit we do not have these problems, since the impact of 
marginal change in the independent variable becomes 
increasingly non-linearly smaller as the probability gets 
closer to 0 or to 1, yielding a probability distribution curve 
S-shaped6. In this paper a logit model is preferred over a 
                                                 
5  The analysis of the Poisson distribution of the team output as well as the 
process done to decide what model to use is shown in [4.
 Ordonez, G., International Research Collaboration, Research 
Team Performance, and Scientific and Technological Capabilities in 
Colombia -A  Bottom-Up Perspective, in PhD Dissertation in Public 
Policy. Georgia Institute of Technology - Georgia State University. 2008: 
Atlanta, GA. 
6 The mathematical structure of binary models is not explored here, as a 
discussion on the statistical model will be out of scope of this paper. See 
Long, S. (1997) Regression Models for Categorical and Limited Dependent 
Variables. Thousand Oaks, CA: Sage Publications. 
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probit model mostly due to personal preferences as there is 
no objective reason one would choose one versus the other. 
The use of counterfactuals to assess overall impacts of 
international collaboration on team performance responds to 
the fact that the analyses intended imply two methodological 
challenges: selection bias and endogeneity of research 
collaboration. Selection bias results as there is no random 
‘assignment’ of teams to the ‘treatment’ group. In practice, 
international partners might collaborate only with those 
teams and in those R&D projects that are expected to 
generate new knowledge and technologies. For this reason, 
the inclusion of research collaboration in a linear regression 
will cause endogenous effects, which would lead to 
inconsistent and biased estimates if it is correlated with the 
error term. To estimate the “real” effect of international 
research collaboration, it is therefore necessary to address 
the basic question: How would the teams with international 
research collaboration have performed had they not 
collaborated with international partners? To the authors’ 
knowledge, no study on the impact of research collaboration, 
whether local or international, attempts to model this 
counterfactual situation. Most of the studies surveyed do not 
pay attention to this kind of bias (see a review in [4]). The 
only exception found is the study by Lee and Bozeman 
(2005), which analyzed the effect of research collaboration 
on the productivity of 443 academic scientists in the USA, 
and controlled for reverse causality by using a 2SLS using 
cosmopolitanism as the instrumental variable [16]. Their 
work does not consider counterfactuals and comparable 
control groups to assess impact, however. 
The Propensity Score Matching (PSM) approach estimates 
causal “treatment” effects following reference [88]’s 
procedure7. In particular, we use the so-called balancing 
scores b(X), that is, a function of the relevant observed 
covariates X such that the conditional distribution given b(X) 
is independent of ‘assignment into a treatment’ [89]. That 
balancing score is the Propensity Score: the probability of 
collaborating internationally given observed characteristics 
X8. Reference [4] discusses the determinants of international 
research collaboration.  
To contrast the productivity and probability of involving 
Colombia of a collaborating team with productivities and 
probabilities of comparison group teams, the kernel 
matching algorithm is used. Both a kernel function and a 
bandwidth parameter are used. To avoid the risk of using 
observations that are bad matches, the common support 
condition is imposed. To perform the analyses, the STATA 
module developed by Leuven and Sianesi (2003) is used to 
                                                 
7 See detailed procedure in Ordonez, 2008 op.cit. 
8 The decision whether to apply PSM as opposed to Covariate Matching is 
not discussed here. See [90. Zhao, Z., Using Matching to Estimate 
Treatment Effects: Data Requirements, Matching Metrics, and Monte 
Carlo Evidence. The Review of Economics and Statistics, 2004. 80(1): p. 
91-107. for Mahalanobis distance used to calculate similarity of two 
individuals in terms of covariate values, where the matching is done on 
these distances.  
estimate the full model and test the balancing hypothesis 
using an iterative process to ensure that the estimated model 
is consistent with this requirement [91]. Since we do not 
condition on all covariates but on the propensity score, the 
matching procedure is checked to see if it is able to balance 
the distribution of the relevant variables in both the control 
and treatment group. This is done by comparing the situation 
before and after matching to see if there are any differences 
remaining after conditioning on the propensity score. 
Finally, the bootstrapping procedure is used to test the 
statistical significance of treatment effects and to compute 
their standard errors in case analytical estimates are biased or 
unavailable. Each bootstrap draw consisted in the re-
estimation of the results, including the estimation of 
propensity scores, common support, etc. The bootstrapping 
was repeated 999 times, which led to 999 bootstrap samples 
and 999 estimated average treatment effects. 
IV. RESULTS 
Results show that international co-authorship is positively 
associated with team productivity. Particularly, it shows that 
co-authoring with partners located overseas increases team 
output by nearly 40%, holding the other variables constant 
(see Table 1). This finding is statistically significant at the 
0.01 level. 
TABLE 1 
CO-AUTHORSHIP WITH COLLEAGUES LOCATED OVERSEAS AND TEAM OUTPUT 
 
 
Tot. Bib. Prods. 
2003-5a Always0b 
  % P>|z| % P>|z| 
Co-Authorship in 2001-2 39.2 0.011 -2.3 0.992 
Team size in 2003 4.0 0.013 14.8 0.553 
Team Age in 2003 0.9 0.295 -11.7 0.377 
Total PhDs in 2003 7.5 0.015 -49.9 0.531 
Tot. Proj. in 2003 2.6 0.002 -59.8 0.200 
Agrosciences 8.8 0.683 575.8 0.192 
Medical Sciences -16.4 0.209 -85.6 0.774 
Engineering -1.3 0.916 44.5 0.754 
Other Sciences -23.7 0.164 1954.5 0.196 
Business Sector -54.2 0.031 1363.1 0.282 
Government 13.0 0.548 441.7 0.324 
Other Sector 55.4 0.199 -100.0 0.001 
Small Home Inst. -21.1 0.215 6.4 0.944 
Mid Home Inst. 0.2 0.987 -99.3 0.133 
Small City 65.8 0.121 5313.2 0.192 
Midsize City -6.9 0.563 3.6 0.967 
ln alpha    0.28807   
alpha             1.33385   SE(alpha) = 0.14822  
% = percent change in expected count for unit increase in X 
P>|z| = p-value for z-test     
a Count Equation: Percentage Change in Expected Count for Those Not Always 0 
b Binary Equation: Factor Change in Odds of Always 0 
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Furthermore, according to the data, co-authoring increases 
the expected productivity of teams by 2.91 bibliographic 
products, holding the other variables constant at their means 
(not shown in the table). However, co-authoring does not 
seem to be associated with the probability of being (or not 
being) in the unproductive group of teams. 
Regarding the determinants of team productivity, and 
similar to the findings by Adams, Black et al., holding the 
other variables constant, team size appears to have positive 
effects on team output [15]. Number of PhDs and number of 
R&D projects active also appear positively associated with 
team productivity. However, contrary to literature arguing 
positive effects of  team age [45, 49], which is taken as a 
proxi for experience, it does not seem related to team 
productivity in this data.  
Unsurprisingly, teams affiliated with the business sector 
appear less productive than teams affiliated with academic 
institutions, but belonging to a team affiliated with the 
business sector does not seem to affect the odds of being in 
the always-0 group.  
In this model, scientific field does not seem to be 
associated with team production and, interestingly, only the 
teams affiliated with the NGOs sector are significantly less 
likely than teams affiliated with academic institutions of 
being in the Always-0 group of unproductive teams. 
No location effects were found and the size of the teams’ 
host institution does not seem to matter as a predictor of 
team productivity. 
To assess the overall effects of collaborating 
internationally using control groups following the PSM 
approach, co-authorship of articles with partners located 
overseas is taken as the treatments of interest. Table 2 
summarizes the analyses done and shows the differences in 
productivity between collaborating and non-collaborating 
teams before and after the matching procedure. As the table 
shows, and consistent with the finding using the parametric 
model, international research collaboration is positively 
associated with team productivity. Using a bandwidth of 
0.01 levels, collaborating teams perform much better than 
non collaborating teams of similar characteristics both in 
terms of their productive capacity and in terms of their 
probability of collaborating internationally. Collaborating 
internationally increases expected output by 4 bibliographic 
products.  
TABLE 2 
































ship  8.97 7.45 2.51 4.20 2.29 629 
Regarding the effects of international collaboration on the 
orientation of local research agendas in Colombia, and more 
precisely on the team’s ability to contribute to local 
knowledge by the extent to which it uses the word 
“Colombi*” in the title or abstract of a journal article 
published by at least one of its members between 2003 and 
2005, we find that, holding the other variables constant, 
team’s odds of involving Colombia in its research process 
are 2.2 times larger for those co-authoring with a partner 
located overseas than for those working individually or in 
collaboration with local partners. This finding is statistically 
significant at the 0.01 level (see Table 3). 
  TABLE 3 
CO-AUTHORSHIP WITH COLLEAGUES LOCATED OVERSEAS AND TEAM 
CONTRIBUTION TO LOCAL KNOWLEDGE 
 
'Colombia' in 
Prod or Proj b z P>z % %StdX SDofX 
Co-
Authorship in 
2001-2 0.79432 2.784 0.005 121.3 40.1 0.4244 
Moreover, holding all other variables constant at their 
means, co-authoring with partners located in other countries 
increases team probability of contributing to local 
knowledge by 9%.  
V. CONCLUSIONS AND POLICY IMPLICATIONS 
Based on the two approaches used, that is, the econometric 
regressions and the non-parametric model, we found that co-
authoring with partners located overseas is positively 
associated with local team productive capacity. It raises team 
expected production count by between 3 and 5 bibliographic 
products (see table 4). This finding clearly supports the 
hypothesis stated based on the “complementarity” argument 
discussed earlier. It seems that the knowledge, experience 
and tools brought about by scientists and engineers located 
overseas complement those existing locally and increases 
overall Colombian teams productive capacity. 
TABLE 4 
SUMMARY TABLE: INTERNATIONAL RESEARCH COLLABORATION AND TEAM 













Co-Authorship 39 2.91 0.011 4.20 2.29 4.63 2.6 
In addition, we found that international co-authorship is 
also positively associated with team’s ability to contribute to 
local knowledge. It raises team’s expected probability by 
between 9% and 16% (see table 5). This finding rejects the 
pessimistic hypothesis supporting the “outsourcing” 
argument discussed. It seems that partners located overseas 
collaborate with local scientists and engineers to work 
mostly on Colombian issues or on issues where Colombia is 
of scientific interest. 
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  TABLE 5 
SUMMARY TABLE: INTERNATIONAL RESEARCH COLLABORATION AND TEAM 
CONTRIBUTION TO LOCAL KNOWLEDGE: LOGIT AND PSM 
 
  
Logit PSM (%) 
%  a % b P>|z| 0.01 T-stat 
Co-
Authorship 121.3 9.0 0.005 16.0 3.11 
% a: Percentage Change in Odds 
% b: Changes in Predicted Probabilities for 'Colombia' in Products or 
Projects 
 
These findings are revealing considering the fact that 
Colombian research teams are characteristically local and 
reticent to work with international partners. In fact, based on 
the data analyzed, less than 26% of the teams received 
foreign funding between 2003 and 2005; close to 20% of the 
teams hosted foreign researchers between 2003 and 2005; 
and less than 24% of the teams co-authored with partners 
located overseas between 2001 and 2002 [4]. Had the 
majority of the teams collaborated internationally, the local 
stock of knowledge would have, as measured in terms of 
products or processes, increased dramatically. Not doing so 
implies high opportunity costs.  
Consistent with these findings, promoting international 
collaboration is a most to increase local knowledge and 
capabilities in developing countries. Ways of doing that 
include the promotion of research network creation and 
participation, fellowships for Colombians willing to study 
overseas as well as for engaging foreign scientists to work in 
Colombia, and the support to international research projects, 
among others.  
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